Hydrodynamic imaging using the lateral line plays a critical role in fish behavior. To engineer such a biologically inspired sensing system, we developed an artificial lateral line using MEMS (microelectromechanical system) technology and explored its localization capability. Arrays of biomimetic neuromasts constituted an artificial lateral line wrapped around a cylinder. A beamforming algorithm further enabled the artificial lateral line to image real-world hydrodynamic events in a 3D domain. We demonstrate that the artificial lateral line system can accurately localize an artificial dipole source and a natural tail-flicking crayfish under various conditions. The artificial lateral line provides a new sense to man-made underwater vehicles and marine robots so that they can sense like fish.
Introduction
The lateral line is a hydrodynamic imaging system found in fish and aquatic amphibians (figure 1(a)) (Bleckmann 1994) . It enables fish to accomplish a variety of underwater activities, such as localization of moving prey/predators (Blaxter and Fuiman 1989, Hoekstra and Janssen 2006) , detection of stationary objects (Hassan 1989) , schooling (Partridge and Pitcher 1980) , rheotaxis (Montgomery et al 1997) and social communication (Satou et al 1994) .
A lateral line consists of numerous hair cell sensors called neuromasts ( figure 1(b) ). They are distributed all over the fish body, with many of them situated on the surface of the skin and others in subepidermal canals (figure 1(a)) (Coombs et al 1988 , Schmitz et al 2008 . Each neuromast has ciliary bundles encapsulated in a gelatinous cap know as a cupula. The cupula provides a mechanical linkage between the neuromast and the external hydrodynamic environment. The drag force acting on the neuromast from moving fluid causes the cupula of the neuromast to bend or slide (McHenry and Netten 2007, Netten and Kroese 1987) . The movement of the cupula further leads to the deflection of the ciliary bundles inside the cupula and elicits neuron-spiking activities of the underlying hair cells (figure 1(c)) (Kroese and Netten 1989) . With arrays of neuromasts along the body functioning as the lateral-line system, fish are able to encode spatial excitation patterns of a hydrodynamic stimulus and thus image this event and respond to it (Coombs and Conley 1997b , Curcic-Blake and Netten 2006 , Goulet et al 2008 . It has been shown that the lateral line allows fish to navigate in the absence of vision and chemosense (Coombs and Conley 1997a, Pohlmann et al 2001) .
A man-made lateral-line system can be indispensable for underwater vehicles and robots, enabling new methods of exploration, interaction and communication. The lateral line sense can supplement current underwater sensing methods, including sonar and vision, in important ways. In the long term, this bio-inspired sensing technique will also provide an engineered platform that can be used to test biological hypotheses. The present research focuses on the development of such an artificial lateral line for fish-like underwater sensing. 
Hardware development

Biomimetic neuromast
As a breakthrough in our cumulative biomimetic research (Fan et al 2002 , we have recently developed a prototype artificial lateral line (ALL). It consists of a threedimensional system of biomimetic neuromasts (BNs) wrapped around a cylinder (figure 2(a)). Each individual BN consists of a horizontal cantilever with a vertical hair attached at the distal end (figure 2(b)) (Chen et al 2007) . Each hair is 500 μm tall in the current design. In comparison, the cupulae of fish lateral line neuromasts range in height from about 20 μm to at least 500 μm, depending on the species (Mukai and Kobayashi 1993) . At the fixed end of the horizontal cantilever, a piezoresistor is embedded by selective doping of silicon material. Flow impinges upon the vertical hair and therefore creates a bending torque (figure 2(c)), which acts on the horizontal cantilever to induce stress concentration at the site of the piezoresistor. The change of the resistance, which can be easily converted to voltage variation (e.g., through the use of a Wheatstone bridge), is used to infer the local flow velocity (Chen et al 2007) . While exposed in a flow, the BN is only sensitive to the resolved component of the local velocity along the longitudinal direction of the horizontal cantilever. This direction is termed the dominant axis. Sensitivity to cross-flow is zero in ideal cases. Along the dominant axis, the sensor responds to flow in both directions with equal sensitivity but opposite polarity. The detection limit for water flow along the dominant axis is as low as 100 μm s −1 (Chen et al 2007 
Artificial lateral line
Fifteen BNs constitute the ALL for the present study (figure 2(a)). A PVC pipe of outer diameter 89 mm was employed to mimic the fish body. Among the 15 BNs, 9 were along the axis of the pipe with linear spacing of 30 mm, and 7 were along the cross section of the pipe with angular spacing of 30
• (corresponding to arc length of 23 mm). The two orthogonal arrays crossed each other at the middle where they shared a BN. Similar to fish behavioral studies where the fish body length has been used as a measure (Coombs 2001, Denton and Gray 1982) , in the present biomimetic research the body length (BL) was defined as the length of the linear array, BL = 240 mm. The BNs were laid out in an alternating fashion in terms of the dominant axis, with one along the array and the next orthogonal to the array. This ALL configuration was realized to mimic prey localization of fish and was selected by means of numerical evaluation of the Cramer-Rao lower bound (Poor 1994 ) to achieve the best 3D localization performance with a limited number of sensors. The orthogonal arrangement of BN dominant axes has been observed in many fish possessing neuromasts with polarized sensing properties (Song and Northcutt 1991) . One BN failed in the very beginning of the experiments; the black cross in the top diagram of figure 5 indicates it. On-site calibration was conducted on all the BNs to ensure the best accuracy.
Dummy prey
A constant-volume sinusoidally vibrating sphere in water, referred to hereafter as a dipole source (Kalmijin 1988), has been commonly used as a hydrodynamic stimulus in physiological and/or performance studies on the lateral line organ (Coombs and Conley 1997a, 1997b; Denton and Gray 1982; Engelmann et al 2000) . The dipole source emulates the tail beating or appendage movement of aquatic animals that generate a dipole-dominant flow field (Kalmijin 1988).
In our biomimetic approach for prey localization, a dipole source was employed as a dummy prey. To examine the performance of individual BNs under this well-known flow condition, a BN was employed to measure the dipole field under specified conditions and in an indicated area (figure 3(a)). The resulting velocity amplitude distribution shows a Mexican hat profile (figure 3(b)), which matches almost perfectly with the distribution obtained from the dipole analytical model (Kalmijin 1988) (figure 3(c)). 
Experimental setup
To mimic fish lateral line sensing, the developed ALL was used to localize the dummy prey (figure 4). A wading pool provided an aquatic environment with water volume of 3 m (L) × 1.8 m (W ) × 0.5 m (H). A minishaker (Model S 513, TIRA GmbH) was employed to vertically actuate a sphere of diameter 76 mm at the amplitude of 10 mm and the frequency of 45 Hz. The frequency of 45 Hz was chosen to simulate a typical hydrodynamic event while avoiding interference with the 60 Hz power-line frequency. Throughout the present work, these control parameters remained unchanged except for BN characterization (figure 3). The dipole position and vibration direction with respect to the ALL were altered by moving the stand that holds the ALL or by mounting the ALL to the stand at various elevations and tilting angles. The dipole vibration direction is hereafter referred to as the dipole orientation.
With the BN-constituted, wrap-around ALL exposed to the dipole field, individual BNs simultaneously picked up local hydrodynamic information at each BN location and over the entire ALL stretch (figure 5). With the dominant axes of the BNs indicated by red lines (figure 5, top), the corresponding multi-channel signals demonstrate dramatic change in terms of amplitudes and phase angels with the variation of BN locations (figure 5, bottom).
Software development
In biological studies of the localization capability of the lateral line, efforts have been made for understanding the hydrodynamic stimuli under various flow conditions (Kalmijin 1988 , Hassan 1992a , 1992b , 1993 . Diverse localization algorithms have also been proposed in simulating the biological system, with most of them employing either matched filter or maximum-likelihood estimators. Among those algorithms, one demonstrated robustness with respect to noise (Franosch et al 2005) , one accounted for the effects of the lateral line curvature and the boundary layer flow (Goulet et al 2008) and the most recent one demonstrated shape recognition capability (Sichert et al 2009) . In our biomimetic approach, we developed a beamforming algorithm for the ALL. With focus on localization, shape recognition is not pursued in the present research. However, the algorithm does account for the curvature effect and demonstrates sensitivity to noise.
The algorithm (see figure 6 for major steps of the process flow) is based on an adaptive beamforming technique that makes use of the lateralline-encoded spatial excitation patterns for localization as do fish (Coombs and Conley 1997b , Curcic-Blake and Netten 2006 , Goulet et al 2008 . It is capable of producing an energylike map of source locations. In earlier work , we explored the use of the matched filter, showed that it is equivalent to a maximum likelihood estimator for a single source and white Gaussian noise and observed that the spatial resolution is very low. In Pandya et al (2007) and Nguyen et al (2008) , we introduced a much higher resolution source imaging method based on Capon's beamforming technique (the algorithm summarized in figure 6 ) that produces much sharper images of source locations, can resolve many more sources and introduces much less bias when multiple sources are present. In this paper, we experimentally evaluate its performance with extensive physical measurements using real sources and sensors. We also evaluate the performance of this imaging method in noise in comparison with the optimal minimum-mean-squared-error/maximum-likelihood methods and show that, in addition to much higher resolution, it offers comparable performance against noise.
The mathematical derivation of the adaptive beamforming algorithm has been presented elsewhere , Nguyen et al 2008 and need not be repeated here except in overview.
The algorithm includes two branchesexperimental (figure 6, left) and analytical (figure 6, right)-which jointly function to fulfill the localization. On the experimental branch, at each sample instant t n , a spatial flow excitation pattern S(t n ) (one sample from each BN) is recorded from the artificial lateral line sensors, and over all the sample instants (from t 0 to t N ), a correlation matrix R is computed. On the analytical branch, a spatial excitation pattern V is obtained from the dipole velocity model (Kalmijin 1988) by calculating the local velocity amplitude at each BN position and by projecting it to the BN's dominant axis; this is done by considering a dipole location (X, Y, Z) and orientation (azimuth and zenith angles) with respect to the ALL. By combining the experimental measurements and this analytical steering vector, Capon's method (Capon 1969 ) eventually gives the energy (E) level of any source at that assumed dipole state (location and orientation). Systematically scanning through all possible dipole states in a predefined 5D domain and repeating the process yields a 5D energy distribution, which correlates to the likelihood with the peak representing the best prediction.
Phase information recorded by the ALL is also used in the algorithm to boost the efficiency and accuracy. This is inspired by the phase-locking behavior in nerve spiking of the lateral line nerve fibers to sinusoidal signals (Engelmann et al 2000 , Harris et al 1970 , Montgomery and Macdonald 1987 . Our BNs are sensitive to flow directions, as are the lateralline neuromasts of fish. Signals picked up by the BNs in the ALL are either 180
• out of phase or 0 • in phase, depending on their relative positions and sensing directions with respect to the dipole source (figure 5). In the beamforming algorithm, the phase information of each BN signal with respect to a reference signal is represented by plus (for in-phase) or minus (for out-of-phase) signs, and the signs are incorporated with the ALL's spatial excitation patterns. After the beamforming process, the predicted dipole location is determined by identifying the coordinates of the location with the highest energy level. A typical energy pattern yielded from a 5D search is presented in color code in a 3D domain (figure 6, bottom). The 3D pattern is obtained by, at each spatial-search point, taking the maximum among the values produced by all the orientation-search points. Such representation demonstrates the capability of the ALL for 3D hydrodynamic imaging.
System performance
By using the beamforming algorithm to process the spatial-temporal responses of the ALL (figure 5), the localization performance of the ALL was examined at various representative dipole states (figures 7 and 9). For each run throughout all of the localization experiments, 10 s of signals from the ALL were recorded and processed to generate localization results. With the dipole source having a fixed distance of 0.5 BL to the surface of the cylinder and the dipole orientation along the cylinder, localization is successful at all the testing locations as shown (figure 7). For each location examined, the 3D energy distribution presents a welldefined high-likelihood spot (dark red area), demonstrating a sharp sensitivity of the ALL to the dipole location in the near field. The maximum deviation of the predicted locations to the corresponding real location is only 0.13 BL. Furthermore, the original 5D search results (with only extracted 3D results presented in figure 7 ) indicate that the dipole orientation can also be accurately predicted to within 10
• for these cases. For dipole localization, the general interest is to determine the dipole location (3D) rather than the full dipole state (5D, location plus orientation). However, the 5D search strategy embedded in the algorithm is critical to ensure satisfactory 3D localization. This is due to the fact that the ALL-encoded spatial excitation patterns are unique to both the dipole location and orientation (Coombs et al 1996 , Curcic-Blake and Netten 2006 , Goulet et al 2008 , Kalmijin 1988 . To make the pattern-recognition-based localization algorithm work, such uniqueness is indispensable. As an advantageous outcome, the algorithm becomes orientation tolerant for 3D localization, simply because the unknown orientation has been accounted for, but is not reflected in, the 3D localization. To test this orientation tolerance, we placed the dipole source at a fixed location (0.5 BL to the cylinder surface) but varied the dipole orientations in three orthogonal directions (figure 8). These tests show that all the localizations are successful despite the large variations in orientation, although in some orientation the deviation is relatively large (0.3 BL).
To further evaluate the performance of our algorithm, we compared the results obtained from two different approaches-Capon's beamforming and matched filter. In terms of mean squared estimation error, the matched filter method is both equivalent to the maximum-likelihood estimator and optimal under the assumption of uncorrelated Gaussian noise (Poor 1994) . Averaging the estimation error across 15 different dipole locations (in front of 15 sensors on the platform), our algorithm demonstrates comparable performance to the matched filter method for both cases of dipole's vibrating direction (table 1) . With these experimental data, the adaptive beamformer actually provides slightly better accuracy than the theoretically optimal MMSE/ML estimator; we attribute this either to slight experimental error or perhaps deviations of the experimental data from the analytical model that for some reason favor the adaptive beamformer. In any event, the performance of the adaptive beamforming approach in terms of localization accuracy is comparable to the theoretically optimal MMSE/ML estimator while providing vastly higher resolution location maps.
To analyze the robustness of our algorithm with respect to measurement noise in comparison to the matched filter method, we again compute the mean squared estimation errors for different signal-to-noise ratios (SNR) by adding random white Gaussian noise to the measurement data. The graph in figure 9 shows that the performance of our algorithm closely follows the optimal-matched filter method. At high SNRs, the small difference in performance can, as above, be attributed to experimental error or small deviations of the actual flow signature to the theoretically calculated signature. The graph also shows a breakdown point at around −5 dB where, as expected, the optimal-matched filter slightly outperforms the slightly suboptimal Capon's method at low SNRs, with a modest performance gap of 1-2 dB. We believe that the much higher resolution and much better localization performance of our adaptive beamforming algorithm with multiple sources will likely outweigh the slightly better noise immunity of the single-source maximum-likelihood estimator in almost all applications.
Crayfish localization
Hydrodynamic stimuli generated by animals in real aquatic environments are much more complex than idealized dipole flows, though many are dipole dominant (Kalmijin 1988) . To further explore the localization performance of the algorithm-implemented ALL with more realistic real-world flow sources, a tail-flicking crayfish was employed to generate a hydrodynamic stimulus near to the ALL ( figure 10(a) ). The Figure 9 . Performance of the maximum-likelihood/matched filter estimator versus adaptive beamforming method at different signal-to-noise ratios. The performance of our algorithm using Capon's method closely follows that of the theoretically optimal-matched filter method.
crayfish was obtained from a local aquarium store. In order to hold the crayfish in position at a certain distance from the array, prior to the experiments, a wooden rod was glued to the thorax of the crayfish ( figure 10(a) ). The rod did not constrain the tail movement of the crayfish. In between experiments, the tethered crayfish was placed in an underwater pipe near the ALL. The pipe provided a relatively dark environment that allowed the crayfish to calm down and recover. During the experiments, the crayfish was quickly removed from the pipe and placed in position near to the ALL. The quick change of condition irritated the crayfish to continuously flick its tail until it became exhausted.
The signal picked up by a BN near to the flicking tail demonstrates a pulsed pattern ( figure 10(b) ), which is indeed quite different from the sinusoidal patterns usually obtained from an ideal dipole field measurement ( figure 5 ). Yet, by applying the same beamforming algorithm used in dipole localization, sharp localization results are still achieved ( figure 10(c) ). With the flicking tail of the crayfish located at a distance of approximately 0.2 BL (the location estimate is approximate due to the tail motion and slight movement of the crayfish), the predicted location is within 0.1 BL from that point. Coombs and Conley (1997a) showed that, when necessary, a fish can shorten the sensing time so that it can react quickly to a stimulus quickly. To mimic this rather dynamic localization capability, a 10 s record from the ALL, which has been used for crayfish localization in the foregoing ( figure 10(c) ), was reprocessed. The record was divided into a series of 100 ms segments with an overlap of 67 ms between segments. Using the same algorithm as before, localization results were generated for each segment and were animated for the whole series. In the animation, the dynamic tail-flicking event has been successfully captured and visualized over time. During the experiment the crayfish, which was tethered to a wooden rod held by a human hand, was slightly moved. This subtle displacement is also reflected in the animation.
Concluding remarks
Through an engineering approach, we developed an ALL system that mimics the fish lateral line in shape and layout of individual neuromasts, and in functionality of the lateral line periphery. Both an idealized hydrodynamic stimulus (dipole source) and a real-world stimulus (tail-flicking crayfish) were employed to examine the localization capability of this biomimetic system, and excellent results have been achieved in both cases. The beamforming algorithm enables the ALL to image the hydrodynamic field of a stimulus and to localize the source of the stimulus. This working principle may shed some light on understanding the yet unknown mechanism underlying the localization behavior of fish. This work also contributes to robotics. Underwater vehicles and marine robots have long been constrained to vision and sonar for underwater sensing. The engineered lateral line system enables a new sense that will push the development of the next-generation underwater water vehicles and marine robots into new territory.
